The complex interactions between proteins and small organic molecules (ligands) are intensively studied because they play key roles in biological processes and drug activities. Here, we present a novel approach to characterise and map the ligand-binding cavities of proteins without direct geometric comparison of structures, based on Principal Component Analysis of cavity properties (related mainly to size, polarity and charge). This approach can provide valuable information on the similarities, and dissimilarities, of binding cavities due to mutations, between-species differences and flexibility upon ligand-binding. The presented results show that information on ligand-binding cavity variations can complement information on protein similarity obtained from sequence comparisons. The predictive aspect of the method is exemplified by successful predictions of serine proteases that were not included in the model construction. The presented strategy to compare ligand-binding cavities of related and unrelated proteins has many potential applications within protein and medicinal chemistry, for example in the characterisation and mapping of "orphan structures", selection of protein structures for docking studies in structurebased design and identification of proteins for selectivity screens in drug design programs.
Introduction
Many biological processes, such as cell signalling and enzymatic reactions, are regulated by interactions between proteins and small organic molecules (ligands). Elucidating these interactions is of fundamental biological interest and essential for rational drug discovery. In most cases the binding of a ligand to a protein occurs on a solvent accessible surface formed as a cavity within the protein. Binding affinity depends on the physicochemical properties of both the protein (especially the cavity in which the interaction occurs) and the ligand. Here we present a novel approach for analyzing and mapping structural and physicochemical properties of such cavities without making direct geometric comparisons of the structures. The cavities are compared using a wider set of attributes (i.e. an extensive structural and physicochemical characterisation) than in existing work and the multivariate modelling enables for an interpretable overview of the property relatedness of cavities. The unique strategy of making all-against-all comparisons based on an exhaustive property characterisation without a geometric alignment give the presented work many potential applications. For instance in the characterisation and mapping of "orphan structures", selection of protein structures for docking studies in structure-based design, investigation of similarity of binding cavities for multitarget-directed ligands, and identification of proteins for selectivity screens in drug design programs.
Two basic approaches have been developed to represent ligand-binding cavities for comparing diverse proteins, using either the positions of amino acids in the cavities, i.e. coordinate-based techniques,1 -10 or defined surfaces to represent the cavities of interest, i.e. surface-based techniques. 11 -18 In both cases, the relevant cavities must be manually or automatically identified; in terms of included amino acids in the former, and the included surfaces in the latter. Comprehensive introductions of advances in pattern recognition and comparison of proteins have been presented by Kuhn et al., 9 Xie et al., 19 Chen et al. 20 and Watson et al.21 In the coordinate-based approach, the positions of the amino acids are described using, for example, all atoms,1 , 2 only the side chains,3 , 4 pseudo-atoms,5 , 6 chemical groups,7 and/or pseudo-centers.8 -10 Representations using side chains and pseudo-atoms have been utilized to identify common structural motifs, such as catalytic residues, in enzymes. 3 -5 , 10 The use of pseudo-centres to represent side chains is an extension of the pseudo-atom approach to include selected physicochemical properties of amino acids. 8 -10 In Cavbase, for instance, the physicochemical properties of the cavity-flanking residues are condensed into a restricted set of five generic pseudo-centres, corresponding to hydrogen-bond donor, acceptor, mixed donor/acceptor, hydrophobic aliphatic and aromatic. 8 These rules have been modified to improve similarity searches for classifications9 and the recognition of functional sites.10 A comparable approach has been used to create similarity networks of binding sites22 and a method has recently been proposed for predicting protein-drug interactions based on the physicochemical attributes of all surface atoms in a cavity.1
In the surface-based approach, pre-defined surfaces of ligand-binding cavities are partitioned into smaller molecular surface patches, which are then further evaluated by comparison.11 -18 A wide range of techniques for calculating surfaces has been described over the last few decades23 -30 and the surface patch characterisations may contain both geometrical and physicochemical information about the proteins.11 -13 Proteins have been mapped, and enzyme classes predicted by self-organizing neural networks, based on Connolly surface calculations and assignment of generalized atom types (i.e. aliphatic, hydrogen-bond donors/ acceptors, aromatic-face/edge) to each point on a surface grid.11 In addition, a large-scale analysis has been presented recently of surface patches of different binding cavities using emergent self-organising maps, based on Cavbase pseudo-centres and wavelet-based shape descriptors. 13 The objective was to describe functional properties of the cavities by identifying sets of similar substructures within them. In addition to the methods of representing ligand-binding cavities discussed above, probe spheres have been used to fill cavities and the shapes of ligand-binding cavities of different proteins have been described using spherical harmonic expansions.31 An alternative protein surface-based approach has been reported recently, in which surface representations are generated by the expansion of 3D functions into Zernike-Canterakis series with subsequent normalisation to obtain the rotational invariance.32 , 33 The shape, electrostatic potential and an approximate description of the hydrophobicity of protein surfaces obtained by this method have been used to compare the total surfaces of globins against a representative set of proteins. The same approach has also been used to compare the active sites of 19 TIM barrel enzymes.32 In addition, a program called SiteAlign has been used to compare proteins in the sc-PDB database by calculating fixed-length cavity "fingerprints" containing topological and chemical information (data on H-bond donors/acceptors, aromatic and aliphatic characters and charge) of the cavities; projecting these cavity descriptors to the centre of spheres; then aligning the spheres by exhaustive rotation/translation for comparison.18
Binding cavities can be compared with similarity searches using a query cavity, 5 , 6 , 8 , 9 , 18 , 34 all-against-all comparisons1 , 2 , 4 , 22 , 31 and/or protein diversity mapping. 11 , 13 , 22 , 31 , 32 , 35 In order to make such a comparison, the representations and characterisations (i.e. the geometric patterns and/or numerical vectors) of the cavities must be systematically applied to all proteins considered. The vast majority of these approaches first require a computationally expensive geometric alignment of the atoms, side chains, pseudo-atoms/ centres or surface patches followed by the assignment of similarity scores. In general, the difficulty is to identify relevant substructures to overlap; which substructures in protein X are equivalent to which substructures in protein Y?36 Furthermore, selecting the appropriate geometric alignment method can be difficult and most, if not all, existing methods are heuristic. 37 In similarity scoring, the relevance of the comparison of two cavities is highly dependent on the degree of spatial overlap of the aligned binding site representations, which is likely to be high for structurally similar cavities. However, in comparisons of dissimilar cavities the similarity scoring can be problematic since it is difficult to estimate the biological significance of a proposed geometric alignment. 38 In the present work, we focus on cavity comparisons that are based on a structural and physicochemical characterisation of binding cavities, without making a geometric alignment. The approach of characterising and comparing ligand-binding cavities in a manner that is independent of the rotation of the proteins, but which is still based on 3D structures, facilitates the comparison of structurally diverse proteins. This paper presents an approach to map, characterize and compare ligand-binding cavities of a diverse set of proteins while avoiding geometric comparisons. Descriptors were calculated by SCREEN (Surface Cavity REcognition and EvaluatioN)12 and the number of different structural and physicochemical properties (i.e. size, shape, polarity, charge, electrostatics, flexibility, secondary structure and hydrogen bonding capabilities) covered by the descriptors exceeds previously reported attempts to physicochemically describe cavities. 1 , 8 , 9 , 11 , 13 , 18 , 32 The idea of describing cavities and analysing the cavity property relationships is comparable to the characterisation of small molecules, for example in investigations of molecular diversity39 -42 and/or the creation of quantitative structureactivity relationship (QSAR) models. 43 , 44 To explore the structural and physicochemical space of cavities, their key properties were extracted from the descriptor matrix using Principal Component Analysis (PCA). This method has been widely used to explore the properties of ligands,39 , 40 protein-ligand space (from a chemogenomics perspective),45 whole proteins46 , 47 and binding sites of closely related proteins,48 but to our knowledge this is the first time that PCA has been applied to explore and compare cavities of a diverse set of proteins, applying an all-against-all comparison and mapping the resulting principal properties of the cavities. Here, the structural and physicochemical similarities and dissimilarities between ligand-binding cavities are visualised in PCA clustering trees, then analyzed and considered in relation to their respective domain classifications in the structural classification of proteins (SCOP)49 database. Furthermore, the predictive aspect of the method is explored by predicting the similarity of ligand-binding cavities of a new set of proteins to the cavities included in the PCA model. Finally, information obtained in this exploration of the physicochemical and structural property space of cavities is related to information obtained in corresponding explorations of ligands, and suggestions for applications of the described method in protein structure-activity-function analysis, medicinal chemistry and structure-based design are given.
Method Protein Preparation
The proteins used in this study were selected from the PDBbind database50 , 51 and are named by the Protein Data Bank (PDB) code as entered in the Research Collaborator for Structural Bioinformatics (RCSB) protein data bank. Proteins containing metals in the ligand-binding cavities were not included because SCREEN does not take cofactors and metals into account. Since SCREEN operates by mapping the solvent-accessible surface of proteins, some deep, enclosed cavities in the proteins were not recognized, and those proteins were not included. A filtration was applied to reduce the data set to a maximum of five randomly selected representatives of each SCOP classification protein domain (hereafter the word domain refer to the SCOP definition of a protein domain). Keeping all representatives for each domain from the original database would have led to an overrepresentation of some proteins, e.g. Human Immunodeficiency Virus (HIV)-1-Protease, in the PCA. However, retaining up to five versions of the same protein in the final selection was deemed to be potentially valuable to broaden the description of each protein and account for variations arising from differences in protein conformation in and around these cavities. The full, final set of proteins included in the study is presented in the Supporting Information.
All protein structures in the final selection were determined by X-ray crystallography with a resolution finer than 2.5 Å. Protein files were prepared by adding hydrogens, and selecting tautomers of Asn, Gln, His and orientations of the hydrogens of the functional groups SH and OH using Reduce software.52 Water, other inorganic molecules, cofactors and ligands were removed before calculations were made, and the atom names, arising from different atom identification conventions, were standardised for compatibility with the SCREEN application. The proteins were classified according to the SCOP classification system49 for comparison.
Protein Sets
The set of proteins described in the previous section was used as a training set to create the PCA of the cavity characterisation with subsequent all-against-all comparison and mapping. Two prediction sets of proteins, A and B (Table 1) , were selected. Prediction set A consisted of one protein from each of twelve domains that had representatives in our subset of PDBbind. In addition, one protein with no domain representative included in the model was selected (A-1FDQ). Prediction set B included ten serine proteases belonging to two domains not present in the training set: five representatives of the Subtilisin domain and five from the Chymotrypsin(ogen) domain which were downloaded from the RCSB protein data bank.53
Property Calculations
The first two phases of SCREEN12 were modified for our purposes, i.e. detecting cavities and calculating their attributes, as follows. SCREEN discovers surface cavities by identifying "patches" of the solvent-accessible surface that are distant from the exterior of the investigated protein. Here, the solvent-accessible surface of each protein was computed using a 1.4 Å probe with a subroutine of GRASP2,54 which produced a series of triangles that closely approximate the analytical surface. An envelope surface, representing the exterior of the protein, was generated in a similar manner using a 5.0 Å probe. Analysing the position of each triangle, SCREEN identified distant surface triangles that were further than 2.0 Å from the envelope surface. Distant surface triangles that shared an edge were classified into patches that identified cavities on the protein surface.
In the second phase, SCREEN collected data for each individual patch according to 408 surface descriptors (see Nayal et al.12 for a complete list), which were separated into eight categorical and continuous groups (Table II) . All descriptors were calculated by surveying atoms adjacent to each triangle in a patch and cataloguing the types of neighbouring amino acids, the types of nearby secondary structure, and the polarity (or non-polarity) of adjacent amino acids and nearby hydrogen bond donors and acceptors. The continuous groups of descriptors, including those related to properties such as electrostatic potential, shape, polarity (e.g. the atomic solvation parameter, ASP) and flexibility were each divided into 20 to 50 bins with narrow ranges, in which triangle points were assigned and counted. For instance, to map electrostatic potential (EP) distributions and surface curvature, the respective bins were incremented each time a triangle point within the encompassed range of EP and surface curvature was encountered. The cavity description vectors formed by the 408 attributes generated by SCREEN, including all categorical and continuous bins were scaled to zero mean (in terms of deviating from the mean) and unit variance (to account for the attributes' different units) to yield a data matrix appropriate for PCA operations.55 PCA was then applied to the data to identify (and subsequently remove) noisy descriptors with low modelling influence, leaving only informative descriptors (see Supporting Information for a complete list). These steps are discussed in more detail in the Principal Component Analysis section.
Calculation of Ligand Descriptors
Physicochemical 2D descriptors were calculated for the ligands of all proteins included in this study using MOE software.56 Ligand PDB codes and descriptors are available in the Supporting Information.
Principal Component Analysis
PCA55 , 57 , 58 was used to compress the systematic variation in the descriptor matrix X by extracting linear combinations of the descriptors so called principal components (PCs). The first PC was extracted by calculating an eigenvector oriented in the descriptor space that accounted for the largest variation in the data. All objects (modelled cavities) were projected onto this eigenvector, giving each object a score value (t), i.e. its eigenvector value, and a loading value (p) reflecting the contribution of specific descriptor(s) to the orientation of the new vector. Further PCs were iteratively calculated by placing a new eigenvector, orthogonal to those already plotted, oriented to account for as much as possible of the remaining variation. The decomposition of matrix X can be written as:
where A is the number of extracted PCs and E is the residual matrix. Each PC was evaluated based on its eigenvalue, R 2 -, and Q 2 values.55 The eigenvalues reflect the length of eigenvectors with an average eigenvalue equal to 1 in the case of a complete linear transformation (i.e. the number of extracted PCs equals the number of variables) of centred and unit variance scaled data (as in our case). An eigenvalue substantially larger than 1 indicates a clear structural variation in the data in the direction of that eigenvector, and hence a significant PC. For PCs with eigenvalues approaching 1, the differences in eigenvalues between two subsequent PCs were investigated in a SCREE plot where the eigenvalues were plotted against the PC number. PCs with nearly equal eigenvalues that were close to average indicated a random structure of the data (noise) and were hence not significant. The R 2 value for each PC is a measure of how much of the total variation in the original data that is extracted for each linear combination. A complete linear transformation would give a total sum of the PCs' R 2 values of 1, which corresponds to 100 % explained variation. Cross-validation (Q 2 ) was also applied to each PC according to the equation:
where PRESS is the predicted residual sum of squares and SS the residual sum of squares of the previous PC. A PC was considered to be significant if its Q 2 value exceeded 0.01. The cumulative Q 2 value of the model was calculated according to:
where is the product of the PRESS/SS values for each PC over the total number of A components. The cumulative Q 2 value was used as in indicator of the robustness of the model and its ability of predicting objects not included in the model, and its value should be close to the model's total R 2 value. The results of the evaluation of the first 16 PCs are given in the Supporting Information.
A descriptor was excluded from the model if its total R 2 value, summarized over all included PCs, was less than 0.1. This procedure was repeated in an iterative manner to generate a new PCA model after every round of exclusions. Descriptors with negative Q 2 values were also excluded. Each PC was interpreted by identifying the 20 descriptors with the highest and lowest loading values, i.e., the descriptors with greatest influence on determining the direction of that that eigenvector compared to the original descriptor space (40 in total for every PC). The dataset was also investigated for potential outliers by inspecting the cavity positions in the score plots and their distances to the model in X, DModX. No observation was found to be an extreme outlier, so no ligand-binding cavity was excluded for this reason. The DModX values of prediction sets A and B were carefully examined and all predicted observations were within the applicability domain of the model. Evince software was used for all of the PCA calculations.59
PCA Interpretation and PLS-DA
The relationships between the ligand-binding cavities, as described by the SCREEN descriptors, were explored by visual assessment of the PCA score plots (illustrating the groups and patterns amongst the cavities) and loading plots (indicating the descriptors of the cavities that contributed significantly to the observed patterns). More specifically, the similarity of the cavities was assessed by evaluating their proximity to one another along the PC axes, and the properties explaining their relationships were identified from the positions of the descriptors in the loading plots. To distinguish highly similar proteins (i.e. the Eukaryotic proteases), and to strengthen the PCA interpretations, a model was calculated using the supervised regression method, partial least squares-based projection to latent structure discriminant analysis (PLS-DA),58 , 60 , 61 using Evince. 59 The procedure applied is briefly described in the Supporting Information.
PCA Clustering Tree
A matrix of Euclidean distances between all cavities in the PCA was calculated using the score values of significant PCs that were interpreted to described general trends. Pairs of proteins separated by small distances were also close in the multi-dimensional PCA space spanned by the PCs, and thus had similar properties. The cavities were clustered using the Euclidean distances and the Neighbour-Joining method of Saitou et al. 62 implemented in PHYLIP63 software, to generate an un-rooted tree via randomised ordering of the cavities by successive clustering, displaying the similarities between the proteins without making assumptions of common origin. Branch lengths in the visualised tree were proportional to the distances between the cavities in the original multi-dimensional PCA score space. The tree was interpreted by identifying clusters of cavities and subsequent analysis of the PCA score and loading plots to identify properties shared by similar cavities (i.e. cavities in close proximity to each other in the tree). For clarity of presentation the tree presented here consists of a reduced set of proteins, selected by the inclusion of protein SCOP families consisting of three or more members, preserving the property diversity amongst the cavities. A complete list is provided in the Supporting Information. It should be noted that no cavities were deleted from the PCA.
Similarity Calculations
Similarities in the sequences of the examined proteins were calculated using the online resource ClustalW264 with all adjustable parameters set to default values, and results are presented as percent sequence identity. When several sequences were available for a protein, only those encoding parts of the ligand-binding cavities were considered. Ligand similarities, taking the volumes and the chemical group overlap of the two ligand molecules into account, were calculated using Comboscore in ROCS software. 65 The score values ranged between 0 and 2, the latter indicating very high similarity.
Results and Discussion
The main principal properties for differentiating the 121 unique protein domains, representing 93 SCOP protein families were determined by PCA of 239 ligand-binding cavities, described by 264 structural and physicochemical properties. Generally, size and shape were the most important properties for differentiating the cavities, i.e. size and shape descriptors (Table II) had the strongest effects on PC1, followed by polarity (PC2), charges (PC3), depth/shape (PC4), electrostatic fields (PC5), and aromaticity/flexibility (PC6). These six PCs provided clear indications of the key physicochemical cavity properties of the set of proteins at a global level, and the most influential descriptors are considered more thoroughly in the following section. Note that 11 PCs were statistically significant and a SCREE-plot and statistical data are presented in the Supporting Information. PC7 to PC11 provided more detailed information about individual protein cavities and, although they were significant, these PCs were not included in this analysis of general trends. The PCA including 11 PCs described 54% of the original variation in the physicochemical descriptors (R 2 = 0.54) and the cross-validation gave a cumulative Q 2 value of 0.42. The statistical values for each of the six first PCs are given in Table III . The eigenvalues of the PCs were substantially higher than average, indicating that there was substantial systematic variation in the dataset and the relatively low R 2 values indicated presence of data variation not contributing to the differentiation of protein cavities.
The principal properties, derived through PCA, described the chemical space of the examined protein ligand-binding cavities, and enabled this space to be compared to the principal property space of ligands. Oprea et al.39 characterised the chemical space of druglike ligands using ChemGPS to calculate descriptors and create a PCA model, which indicated that size and shape were the most significant properties (most strongly affecting PC1) followed by lipophilicity (PC2) and flexibility and polarity (PC3) of the ligands. This drug-like chemical space has recently been expanded to also include natural products (ChemGPS-NP).66 In ChemGPS-NP a different order of explained properties was revealed; lipophilicity was explained in PC3, aromaticity-and conjugation-related properties of the compounds in PCA2, and flexibility and rigidity properties were explained in PC4. Size, shape, polarity and flexibility were important properties for differentiating both the cavities and the ligands within their respective property spaces. Nevertheless, cavity size, shape and other characteristics can differ greatly from the corresponding ligand properties, in accordance with the proposal by Kahraman et al. 31 that shape of cavities and the ligands they bind often do not correlate strongly. For most ligand/protein pairs, we observed little or no correlation between the main properties (size/shape and polarity) that differentiate the ligands and the cavities respectively. Correlation plots of score values between the first two PCs of ligands and cavities are presented in the Supporting Information. The lack of correlation is most likely due to the fact that cavities do not always embrace their ligands completely, and ligands often do not entirely fill their binding cavities. The fact that the property space of the binding cavities does not completely match the property space of the ligands has intriguing implications for ligand-based and structure-based design of novel ligands in drug discovery programs, since it indicates that ligands could be developed with very different binding modes from those of known ligands. One way to address this possibility would be to use fragment-based screening methods, either virtual (e.g., hot spot approaches) or experimental (e.g., nuclear magnetic resonance screening), to explore binding cavities and identify such potential ligands.67 -69
Principal Property Identification
The PCA enabled an in-depth study of the properties possessed by the cavities by detailed study of the score-and loading plots. PC1 of the cavity PCA model was strongly associated with size and shape descriptors. It is evident in Figure 1 that PC1 was positively correlated to cavity depth, hydrophobicity, and flexibility ( Figure 1a) . PC2, containing the second most significant characteristics for discriminating between the cavities proteins, was dominated by properties such as polarity, electrostatic field (EField) and density of hydrogen-bond forming atoms (Figure 1a ). Other descriptors exhibited less variation in the first two PCs.
Example cavities with extreme score values in PC1 and PC2 verify the analysis of dominating structural and physicochemical properties in the data set. The ligand-binding cavity of the Histamine methyltransferase 1JQD (Figure 1b and 1c) is an example of a large, deep cavity, while the cavity of the Xylan-binding module 1GNY is an example of a small and shallow cavity (Figure 1b and 1d) . The first PC also demonstrated that, amongst the studied proteins, small ligand-binding cavities are quite polar, as indicated by the high values for polarity descriptors such as polar atoms and hydrogen bond donors. Small cavities were often shallow, indicating that small cavities were often not deeper than 5 Å, and were thus situated close to the surface of the protein.
The cavity of the Salmonella sialidase 2SIM (Figure 1b and 1e) is an example of a polar cavity that contains many polar atoms and charged amino acids, while the FK-506 binding protein 1D7J (Figure 1b and 1f) is representative of proteins that contain very hydrophobic ligand-binding cavities. The most important descriptors for hydrophobicity can be seen in the loading plot of PC2 (Figure 1a) , and include non-polar atoms, non-hydrogen bonding atoms, high values of the average ASP and a high frequency in ASP-bin13 (i.e. energy of hydration of carbon atoms). The value of the average transfer free energy parameter (TFE) was high, and the EField-bin0 descriptor was highly populated, indicating that electric fields were very weak or non-existent in the cavities.
In PC3, the charge, EP and hydrogen-bond donor/acceptor capability of the cavities were the most significant properties. Cavities that were previously identified as polar in PC2 were separated by PC3 according to their charge. Descriptors such as Charges-avg, EP-avg and the presence of the amino acids Arg and Lys were highly influential and the presence of hydrogen bond acceptors was significant (Figure 2a ). Cavities such as the Phosphoglycerate mutase 1BQ4, which contained a high percentage of amino acids with hydrogen-bond donor capability (e.g. positively charged amino acids such as Lys and Arg), had high score values (Figure 2b ). Attributes associated with amino acids with low EPs, and thus negative charges (Charges-bin4) and hydrogen bond acceptors, had low loading values (Figure 2a) . Ligandbinding cavities with a high percentage of amino acids with negatively charged, electrondonating atoms were abundant in this region of PC3, as exemplified by the Endothiapepsin 2ER6 (Figure 2b ).
The fourth most significant property for differentiating proteins based on cavity characteristics was the shape of the cavities (Figure 2a and b) , described by depth, curvedness and curvature. The descriptors which exerted the greatest influence on PC4 were Depth-avg, Depth-median and bins that represented high depth values. In addition, the shape descriptor curvedness was correlated with depth, confirming the expectation that deep pockets are generally far from flat (i.e. they have a high value of curvedness-avg).
In the fifth PC, proteins were mainly separated by differences in the EField of their cavities (Figure 2c and d) . Descriptors of negative and positive charge, EField and ASP were the most significant for this PC. The presence of several specific amino acids was also influential; charged amino acids (Arg, Asp and Glu) had low loading values, while Cys and Ser had high loading values. Hence, PC5 reflected variations in proportions of polar amino acids and their solvation (ASP-bin2 and bin8), charge and hydrogen-bond forming capability.
The presence of uncharged aromatic or aliphatic amino acids was the primary characteristic separating proteins in the sixth PC (Figure 2c and 2d) . The descriptors Charge-bin10 and bin11 both described proportions of uncharged atoms and indicated the presence of aromatic amino acids (Tyr, Trp and Phe). Consequently, proteins with high proportions of aromatic amino acids and few charged amino acids were separated from proteins with high proportions of small, aliphatic, uncharged amino acids in their ligand-binding cavities (Figure 2d ).
Mapping of ligand-binding cavities
In order to map and compare the 239 protein cavities in the data set, a PCA clustering tree was created, based on their first six principal properties (Figure 3) . The same tree, but with all PDB codes visible, is presented in the Supporting Information. The tree in Figure 3 illustrates the differences and similarities of protein cavities, both within and between domains (15 examples of SCOP protein domains are highlighted in Figure 3 ) based on their structural and physicochemical properties. These analyses of the underlying structural and physicochemical properties responsible for the functional variations in protein cavities clearly provide information that is complementary to the information yielded by structural classification systems such as SCOP49 or CATH.70 Furthermore, such mapping could be valuable in molecular modelling efforts, such as docking or virtual screens, where the choice of protein crystal structure can have a profound impact on the results.71
Three types of domain distributions were observed in the tree, which we defined as tight, loosely coherent and segregated. To illustrate these patterns, and other features of the data, the distributions of representatives of five of the 15 domains highlighted in Figure 3 (the HIV proteases, Acetylcholinesterases (AChE), Immunoglobulins (Ig), Purine nucleoside phosphorylases (PNP) and Thymidylate synthases (TS)) are briefly discussed below.
The HIV proteases had a tight domain distribution, indicating that their respective ligandbinding cavities were very similar and their crystal structures do not differ significantly in our data set. There are known, significant differences between the ligated and native forms of these proteins,72 especially in their flap-regions. However, since all HIV proteases included in this study were ligated, no differences were identified here in the flap-region.
The AChEs were loosely coherent ( Figure 3 ) and differed more widely within their domain than the HIV proteases, notably in shape (PC4) and aromaticity (PC6). All the AChE cavities included both the peripheral anionic site and the catalytic site (where most differences were found). Accordingly, three groups within the AChE domain were identified, with corresponding groups amongst their respective ligands; as shown in Figure  4 , 1GPK and 1VOT bind the same ligand, while 1H22 and 1H23 have very similar ligands and 1E66 has a third, different type of ligand. Some of the hydrophobic residues in the active site of AChE are known to very flexible. Phe330 is one of those residues described by Xu et al. 73 and a shift in the position of this side chain, exposing an adjacent small pocket, was the cause for the property-differences in the cavities of 1H22/1H23 compared to 1E66.
The Ig domain was found to be segregated, appearing in five widely separated parts of the tree (Figure 3 ), indicating that there are large differences between their ligand-binding cavities, in accordance with expectations since the Ig antigen binding-cavity is known to be extremely variable in 3D structure. 74 The examined Igs differed in most of the calculated properties (e.g. size, polarity and charge distribution). However, the two Igs that bind the same ligand (1MFA and 1MFD; Figure 4 ) also appeared close to each other in the tree, and thus have similar ligand-binding cavities. Interestingly, 1C5C and 1A0Q also appeared close together, although their respective ligands (Figure 4 ) have only a modest similarity (Comboscore, 0.9). Their ligands both have two acidic functional groups, i.e. phosphonic, carboxylic or sulfonic acids, which induce the rotation of positively charged Arg side chains into the cavity, thus causing these two cavities to be more similar. The Ig and AChE findings illustrate how our method, not dependant on relevant geometric alignments, enables the study of the property differences arising due to conformational differences between the cavities induced by ligands.
The tree in Figure 3 also shows the segregation of the PNP domain which is divided into two groups, differing (according to the PCA score and loading plots) in depth and shape; the significant properties for PC4 (Figure 2b ). PNP proteins 1A69 and 1C3X have cavities that are shallower and flatter (with low average depth and high average curvature) than those of 1B8O, 1I80 and 1VFN. Further visual inspection of the data for PNP ligand-binding cavities (Figure 5a and 5b) indicates that there are large conformational differences within the PNP domain. The ligand-binding cavities of 1B8O, 1I80 and 1VFN are deeper and more enclosed than those of 1A69 and 1C3X, mainly because of conformational differences in three loop regions which restrict them. However, the protein sequences of these chains show different similarity patterns (Table IV) . The most similar are 1B8O and 1VFN (99%), which also have physicochemically similar cavities. Interestingly, 1A69 and 1C3X have similar cavities, but very low sequence identity, demonstrating that cavities can be similar even if their overall protein sequences differ substantially.
TS is another protein domain that was segregated, being split into two groups (Figure 3) , differing (according to the PCA score and loading plots) in both size (PC1) and charge (PC3). A score plot of PC1 versus PC3 is presented in the Supporting Information. The TS proteins 1JMG, 1NJC and 1TSL are larger and shallower than 1F4F and 1F4G (Figures 5c  and 5d ). These groups of proteins originate from two different bacteria, 1F4F and 1F4G are from Escherichia coli,75 while 1JMG, 1NJC and 1TSL are from Lactobacillus casei, 76 -78 and have sequence differences that influence their cavity properties. The cavities of 1TSL and 1NJC that were identified as very similar bind their respective ligands at different binding sites within the cavity. A comparison of these cavities based solely on residues in the immediate vicinity of the ligands would fail to recognise their similarity because the two ligands have different surroundings. In contrast, the method used in the present study, which considers the entire cavity in which the ligands bind, recognises the similarity of such structures.
In addition to gene origin, ligand induced flexibility, and sequence differences, other factors such as protein crystallisation conditions and the resolution of the crystals could also influence the intra-domain separation of proteins, especially when the cavity is part of a flexible and/or poorly characterised region of the protein. An analysis of the cavity similarities as the one presented here is thus an important step in the choice of target for different kinds of molecular modelling strategies. In this study an automatic cavity detection method was employed, without including ligands to define the pockets. Depending on purpose of using the method, this approach may or may not be optimal. If it is not, the cavity surface of interest (e.g. hot spots) could be identified for example, by using ligands and could subsequently be used to calculate descriptors and finally to create PCA clustering trees.
Prediction of Ligand-binding Cavity Similarities
A PCA model based on properties of protein cavities can be utilized to predict the similarity of cavities of "unknown" domains to those included in the model. Such predictions may be useful, for instance, in the characterisation and mapping of "orphan structures". Mapping of the two prediction sets A and B using the PCA model based on the 239 protein cavities demonstrated that the model provides good predictability within the spanned property space. Prediction set A contained representatives of a wide variety of proteins and the result of these predictions is visualized in Figure 3 . All of the proteins in set A ( Table I ) that had domain representatives in the PCA model were correctly predicted to be similar to their respective domains in the clustering tree ( Figure 3 ). The protein in the prediction set that had no domain representative in the model was a brain fatty acid binding protein (A-1FDQ), and had predicted cavity similarity to 1HMR and 1HMS, both of which are muscle fatty acid binding proteins (ligands are presented in Figure 4 ). 1FDQ shares 66% sequence identity with 1HMR/1HMS, and these three proteins have the same fold according to SCOP and CATH. However, there was a small separation between 1FDQ and 1HMR/1HMS in PC5/ PC6, indicating differences in the proportions of polar and/or aliphatic amino acids in their cavities. Accordingly, a closer inspection the cavities confirmed that there were differences in amino acids at four positions in their ligand-binding cavities, for instance, 1FDQ has a VAL and a GLY instead of THR and ALA at corresponding positions in 1HMR.
The prediction set B (Table I) included the serine proteases Chymotrypsin(ogen) and Subtilisin. Several other serine proteases, belonging to the Eukaryotic proteases, were included in the training set of proteins, but these particular domains were not represented. Chymotrypsin(ogen) has the same fold as the serine proteases included in the model, while Subtilisin has a completely different fold (but, nevertheless, a similar function). The proteins included in prediction set B were correctly predicted as being similar to the Eukaryotic proteases included in the training set, and appeared on the branch containing the Trypsin(ogen) and Urokinase-type plasminogen activators (UPA) domains (Figure 3 ).
To further examine the ability of the PCA model to predict and detect similarities and dissimilarities of the ligand-binding cavities, a more detailed tree of the Eukaryotic protease family and prediction set B was created (still based on the PCA for all proteins in the training set), as presented in Figure 6 . An interpretation of prediction set B in Figure 6 revealed that ligand-binding cavities of Chymotrypsin(ogen) were predicted to be most similar to those of Trypsin(ogen) and UPA, but less similar to Thrombin and Elastase. The cavity in Subtilisin was predicted to be similar to cavities of the UPA and some Xa Coagulation factors, but less similar to Thrombin and Elastase.
Furthermore, we concluded from Figure 6 that the training set proteins were roughly grouped into their respective domains. The ligand-binding cavities of Thrombin and Trypsin(ogen) were clearly separated in the tree. A ligand-induced single residue conformational change in the cavity of Trypsin(ogen) 1K1J caused this cavity to become more similar to the UPA cavities, especially in terms of size and shape. Cavities such as those of the Coagulation factor Xa and UPAs with more similar properties could not be easily distinguished in this summarized view of all PCs (i.e., plot of the positions of cavities in chemical space based on all of the considered structural and physicochemical properties). However, a closer inspection of the underlying PCs revealed more detailed information about these domains. For instance, the main differences between Trypsin(ogen) and Thrombin lie in PC1 and PC4, indicating differences in size and depth of these ligandbinding cavities. Furthermore, Coagulation factor Xa could be separated from UPA, in PC4, PC5 and PC6, corresponding to depth/shape, Ser/Cys amino acid content and aromaticity, respectively (see the score plot presented in the Supporting Information). A supervised regression (PLS-DA) model based on the original structural and physicochemical properties of the cavities, and classification of the cavities belonging to Trypsin(ogen) and Thrombin, and Coagulation factor Xa and UPA, as response factors, supported these findings, confirming that the descriptors contained physicochemical information that can be used to distinguish all domains in the Eukaryotic protease family (see Supporting Information for details). The predictive ability of the model to calculate the similarity between "new" cavities of proteins and those in the model has many potential applications, e.g. the identification of proteins with similar binding cavities for inclusion in selectivity screens to avoid undesirable off-target interactions in drug discovery programs. Analogously to the procedure outlined above, the PCA trees examined in such cases could be used to find nearest neighbours to a target of interest, and these proteins could then be further analysed. In addition, targets found to be similar could be candidates for a multitarget-directed ligand, i.e. a low-affinity ligand designed to interact with several targets in attempts to inhibit (or enhance) several associated biological processes.
Conclusion
The analysis of similarities between ligand-binding cavities in a large collection of protein crystal structures presented here yielded a global perspective of the property space spanned by the included cavities. The approach of using numerical vectors of equal length for all proteins describing the physicochemical properties of the cavities, provides the means to compare cavities of proteins with little or no sequence identity, avoiding uncertainties in geometrical alignment. The cavities were thoroughly described by calculating a multitude of physicochemical properties using SCREEN software, in the absence of ligands. Hence, the entire cavities were studied rather than merely the surroundings of the ligands, enabling similar pockets to be identified, including those in which ligands bind in different areas.
In order to elucidate the relationships between the proteins based on physicochemical features of their ligand-binding cavities, PCA was employed to reduce the dimensionality and visualise general trends in the data. Analysis of the PCA score and loading plots indicated that the most important general features for differentiating the protein ligandbinding cavities were, in order of significance: size/shape, polarity, charge distribution, depth/shape, electrostatic field and aromaticity. The PCA analysis showed that many of these properties are correlated, and provided details about the nature of the correlations. In addition, comparison of the cavity property space with that of drug-like ligands indicated that size, shape and polarity are the most important properties for differentiating objects within both of these spaces, but the two spaces are not directly correlated.
Using the score vectors from the PCA a clustering tree was created to map and compare the investigated proteins based on their ligand-binding cavity properties. Coherent protein domains were identified and segregated domains were furthered analysed. Analysis of the score and loading plots provided valuable information of structural and physicochemical properties responsible for the distribution of the cavities. Hence, the presented method not only provided a good overview of potential targets, but also information on the variability of binding cavities due to mutations, between-species differences and flexibility upon ligandbinding. Knowledge of the variations in cavities is of high potential value when choosing targets for molecular modelling studies and for designing ligands based on 3D structures of a target. Furthermore, the distribution of the domains in the chemical space explored demonstrated that ligand-binding cavities of proteins can be very similar even when their sequences differ greatly, as in the cases of PNP proteins 1C3X and 1A69, or Subtilisin compared to other serine proteases. Finally, the principal properties of ligand-binding cavities of proteins that were not included in the model were found to be predicted accurately, and their similarity to cavities within the global property space could be established. The predictive capability of the method offers the possibility to predict the similarity of cavities from orphan protein structures cavities to proteins with known function. Mapping of proteins according to the structural and physicochemical properties of their ligand-binding cavities using PCA can provide complementary information to similarity data obtained using, for example, SCOP, CATH or ClustalW.
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TABLE IV
Sequence Identity Between Protein Chains of PNP. 
